Identification of mechanisms underlying the incidence of psychiatric disorders has been hampered by the difficulty in discovering highly-predictive environmental risk factors. For example, prior efforts have failed to establish environmental effects predicting geospatial clustering of schizophrenia incidence beyond urban-rural differences. Here, we employ a novel statistical framework for decomposing the geospatial risk for schizophrenia based on locale of upbringing (place of residence, ages 0-7 years) and its synergistic effects with genetic liabilities (polygenic risk for schizophrenia). We use this statistical framework to analyze unprecedented geolocation and genotyping data in a case-cohort study of n=24,028 subjects, drawn from the 1.47 million Danish persons born between 1981 and 2005. Using this framework we estimate the effects of upbringing locale (E) and gene-by-locale interactions (GxE). After controlling for potential confounding variables, upbringing at high-risk locales increases the risk for schizophrenia on average by 122%, while GxE modulates genetic risk for schizophrenia on average by 78%. Within the boundaries of Copenhagen (the largest and most densely populated city of Denmark) specific locales vary substantially in their E and GxE effects, with hazard ratios ranging from 0.26 to 9.26 for E and from 0.20 to 5.95 for GxE. This study provides insight into the degree of geospatial clustering of schizophrenia risk, and our novel analytic procedure provides a framework for decomposing variation in geospatial risk into G, E, and GxE components.
Introduction
For public mental health, it is critical to know which environmental factors can be modified to mitigate the risk of psychiatric disorders. However, identifying modifiable environmental factors has been a contentious issue 1, 2 , especially when the effects may depend on one's genetic liability for illness. Take as an example one of the best-established environmental risks for schizophrenia, childhood upbringing in an urban area. Persons born and raised in urban areas have an approximately two-fold increased risk of schizophrenia compared to those born and raised in rural areas 3, 4 . Researchers have rigorously examined potentially causal elements of urban upbringing, such as accessibility to health care 3, 5 , selective migration of individuals 6 , airpollution 7 , infections 8 , and socioeconomic inequality 9 . None of these candidate elements explain a substantial amount of the urbanicity-related increase in risk 3, [6] [7] [8] [9] . The conditional relationship between genetic liabilities and environmental factors are even harder to detect despite some cohort studies suggesting an interaction between urban upbringing and family history of schizophrenia [10] [11] [12] [13] .
The difficulty in isolating specific environmental risk elements underlying urbanicity effects on schizophrenia incidence exemplifies a serious methodological challenge. The process for discovering environmental risk factors typically relies on a hypothesis-driven "candidate environmental factor" approach. Researchers need to formulate a carefully-constructed environmental hypothesis, measure it, and then determine if it associates with risk of the disease, usually in a study of selected participants not necessarily representative of the entire population of interest. Similar to the candidate gene approach before the dawning of genome-wide association studies (GWAS) 14 , the candidate environment approach suffers from the "spotlight effect", ignoring the likely complexity of many environmental factors interacting with each other and with genetic liabilities to determine overall risk for illness. Even with a plausible hypothesis, measurement of the specific environmental factor may be imprecise, masking its relationship to the illness. For example, social epidemiologists rely on instruments as proxy measures for socioeconomic inequalities. Given the complexity of real-life socio-economic forces, lack of association with schizophrenia could be caused by instrument measurement error or because the instrument does not capture the relevant social-economic factors 9 .
An alternative to the candidate environment approach is to assess spatial patterns of disease risk without directly measuring environmental factors. As with John Snow isolating the environmental source of cholera outbreak via mapping the cases 15 , identifying spatiallylocalized disease "hot spots" can assist in the discovery of latent environmental factors.
Advanced methods for disease mapping have been developed within the field of geostatistics, particularly in applying spatial random effect models to infer latent environmental variation in causal risk factors 16 . As the urbanicity-related increase in risk for schizophrenia was first noted through spatial clustering of disease incidence 17 , inferring risk hot spots to a finer resolution may provide insight into potential risk-modulating environmental elements before investing substantial resources in active measurement.
With this concept in mind, we develop a disease mapping strategy to address the need for discovering environmental factors without direct measurement. We use spatial random effects to map the geographic distribution of genetic liabilities (G), locale of upbringing (E), and their synergistic effects (GxE) on disease risk. By treating E and GxE as latent random fields, we avoid the methodological biases inherent in the candidate environment approach. As a proof of concept, we examine geospatial variation in schizophrenia risk across Denmark. To do so, we apply this novel analytical approach to data from an unprecedented, population-based casecohort study that includes subject genotyping and detailed residential information from birth up to age seven years. We are thus able to assess locale of upbringing effects on schizophrenia risk with a resolution beyond conventionally-defined levels of urbanicity, allowing us to assess variation in spatial risk, and to ask whether spatially-localized environmental factors modulate genetic liability of risk for schizophrenia.
Method
Our spatial mapping approach follows three steps: 1) defining neighboring locales to characterize the latent environment field, 2) estimating random effects associated with each locale, and 3) mapping the spatial distribution based on the realized effects on locales. These three steps are calibrated to ensure a good balance between fine spatial resolution and adequate statistical power.
Furthermore, the modeling strategy partitions observed effects on risk for schizophrenia into different components: locale of upbringing (E), genetics (G), and the synergistic effects of spatial locale and genetics (GxE).
Definition of locales
We exploit the duality between Delaunay triangulation and Voronoi tessellation 18 , ensuring each defined locale has a sufficient number of study subjects without biasing resulting locales towards metropolitan regions. This balance is important, as some metropolitan areas have more than 100 study subjects living in the same 1 km 2 region, while some rural areas have only one subject, with no neighboring subjects within a several km radius. The algorithm achieves the balance between resolution and sufficient number of samples in each locale by adaptively merging neighboring locales with too few individuals into larger locales ( Figure S1 ).
The primary advantage obtained from achieving a balance between resolution and number of individuals in each locale is to localize the regions as much as possible while retaining high statistical power to estimate locale (E) and gene x locale (GxE) spatial random effects. As a byproduct, the population density of each locale is also automatically calculated from this procedure, since the area of each locale is inversely proportional to the population density.
Consistent with previous studies on urbanicity-related schizophrenia risk 3 , we use the derived population density as a surrogate measure of urbanicity in subsequent analyses.
Estimating the effects associate with the locale
Mixed effects models provide the necessary tools to estimate the latent environmental and gene x environmental effects. Fixed effects in the model control for potential confounding factors, whereas random locale effects approximate the latent field across all spatial locations. Once the random effect variance is estimated and determined to be significantly greater than zero, spatial mapping is achieved through computing the posterior means of the random effects for each locale, defined by the best linear unbiased predictors 16 .
To ensure the validity of this approach, we performed 1000 Monte Carlo simulations to determine how well we can estimate E and GxE via the spatial mixed effects model. Given a sample size of 30,000 individuals with disease prevalence of one percent and heritability of 70 percent (similar to the profile of schizophrenia), we obtain an unbiased estimation of spatial effects (E), while GxE effects are conservatively bounded by the predictive power of the genetic instrument ( Figure S2 and Supplemental Information).
Empirical Study
We demonstrate the feasibility of our spatial mapping approach by characterizing E and GxE For this analysis, we extracted genotyped schizophrenia cases and a population random sample cohort from the iPSYCH study 19 . The study design and sample description has been published elsewhere 19 . To prevent confounds due to recent migration and large-scale ethnic differences, we restrict our analyses to unrelated individuals who are of European descent, as determined by genetic ancestry 20, 21 and with both parents born in Denmark based on Danish registry information. The final analyses include 24,028 case-cohort members (2,328 schizophrenia cases, 21,700 cohort members) who met above criteria and passed genotyping quality controls. Table S1 demonstrates the basic demographic characteristics of the included case-cohort.
Genotype Processing and Deriving Polygenic Risk Scores
Eleven million single nucleotide polymorphisms (SNPs) were imputed based on genotyped SNPs that pass the following criteria: minor allele frequencies greater than 1 percent; frequencies in
Hardy-Weinberg Equilibrium; SNPs autosomal and bi-allelic. Genetic principal components were derived based on quality controlled genotyped SNPs using flashPCA 21 . SHAPEIT3 was used for phasing 22 and IMPUTE2 was used for imputation 23 . The reference panel was 1000 genomes project phase 3 24 .
To obtain a genetic instrument with good predictive power for detecting GxE, we calculated the polygenic risk score (PRS) using the summary statistics for 34,129 cases and 45,512 controls from the Psychiatric Genomics Consortium (PGC) Schizophrenia GWAS 25 . The PRS is the sum of the products of effect sizes of SNPs estimated from this independent GWAS and the dosage of those SNPs from the iPSYCH case-cohort. The included SNPs were pruned to ensure independence, while no significance threshold was set to filter SNPs. Parameters for calculating PRS include clumping (r 2 = 0·1, distance = 250kb), and pruning (r2 = 0·8, window = 2kb, increment = 2kb). Nonetheless, PRS is inherently a weak genetic instrument, so our estimate on GxE should be regard as a conservative lower bound of interaction effects ( Figure   S2 ).
Code Availability
The code used for simulations, empirical analysis, and visualization can be found at (https://chunchiehfan.shinyapps.io/iPSYCH_geo_tess_SZ/). The interactive version of the disease mapping is shown on the web portal while all the relevant codes can be downloaded on it.
All analyses are implemented in R
26
. R packages employed include spatstat 27 and coxme 28 . The geographical visualization is done with ggmap 29 , which extracts geographical information from Google Maps. An interactive version of the risk map is generated using leaflet 30 and shiny 31 .
Results

Spatial distribution of overall risk of schizophrenia
We utilize the entire population cohort of iPSYCH, excluding cases, to derive locales. The resulting map contains 186 non-overlapping locales, with the number of cohort members ranging from 65 to 197 individuals in each locale (median = 105). To demonstrate the risk distribution across defined locales, we use the Mantel-Haenszel approach for estimating risk ratios (RR) while correcting for age differences 32 . Figure 1 displays the RR's from the Mantel-Haenszel analyses. With the exception of the southwestern portion of Denmark, the majority of rural regions have lower risk ratios while high-risk locales are concentrated in large cities (Figure 1a) .
By plotting RR's against the size of each locale, Figure 1b demonstrates a general trend for spatial risks of schizophrenia, meaning locales with higher population density tend to have higher RR's. Thus, the risk distribution recapitulates the known urbanicity effects. However, there is substantial variation in risk even controlling for locale size; for example, RR's can range from protective to highly detrimental within densely populated areas (Figure 1b ).
The Contribution of the E and GxE
Next, we implement the spatial mixed effects model to identify sources of variation in the observed risk across locales. Given the concern of potential confounds, all models include fixed effects of gender, the first three genetic principal components, and family history as covariates.
Survival models were used to account for age distribution 19 and observations were weighted by the inverse of each subject's sampling probability 33 for inclusion in iPSYCH. Time-to-event is defined as age at first hospital contact for schizophrenia for cases, and the minimum of age of death, disappearance, immigration, or age at date of registry information collection (December 31, 2013) for cohort members without schizophrenia. For comparison purposes, we also fit a model with fixed effect of the covariates and no random effects (Model 1). Results are shown in Table 1 .
Compared to rural regions, being born and living in densely populated urban area increases the risk of schizophrenia by (hazard ratio = 1.89, 95% CI: 1.53 -2.33), which replicates previous studies on urbanicity effects 3, 4 . The inclusion of spatial random effects (E) reduces the urbanicity effect to hazard ratio = 1.64 with confidence interval encompassing 1. 
Spatial distribution of the risk components of schizophrenia
The geographical distribution of E and GxE are shown in Figure 2 . The E component mirrors the heightened risk in the southwestern part of the Denmark (Figure 2a ) and the southern portion of Copenhagen, the metropolitan area with highest population density (Figure 2b ). However, within the city boundary, hazard ratios vary strongly from protective to highly detrimental (hazard ratio:
0.26 to 9.26, Figure 2c ). The GxE component has a different spatial pattern compared to E (Figure 2d ). Within the metropolitan boundary, high-risk GxE locales are concentrated in the city center ( Figure 2e ) and the modulating effect can range from a decrease of risk of 80% to a 6-fold increase (hazard ratios: 0.20 to 5.95, Figure 2f ).
Discussion
Our novel spatial mapping analysis strategy transforms the "candidate environment" approach for disease risk into a search for environmental hot spots, localizing where environmental factors appear to have a strong impact. The flexibility of this approach enables the estimation of the amount variance accounted for by E and GxE effects without direct measurement of environmental risk factors. Both simulations and empirical application demonstrate the utility of this strategy as an alternative to the candidate environment approach.
Applying this strategy to nationwide, population-based longitudinal data enriched with genetic information, we recapitulate the well-known urban-rural gradient in schizophrenia risk based on the residential information alone. Furthermore, we show that locale of upbringing significantly contributes to the risk for schizophrenia even after controlling for population density. Both E and GxE spatial effects demonstrate substantial variation within city boundaries and account for a higher proportion of schizophrenia risk than simple urban-rural contrasts. In terms of schizophrenia risk, results indicate that the locale an individual was born and raised in is more important than urban-rural differences per se, even within the confines of a single city. Our patterns of E and GxE across Denmark can be regarded as reference distribution. The partitioned risk contour serves as an initial guide to find the true risk element. Further comparisons with putative environmental factors can reveal the underlying elements that are highly relevant for the etiology of schizophrenia.
As a proof of concept study, our current analysis is not without limitations. First, the average age of the iPSYCH case-cohort is younger than the expected incidence peak of schizophrenia. Although the age range of our cohort is eight to thirty-two years, encompassing the incidence peak of schizophrenia, some cohort members are still at risk for schizophrenia.
Right-censoring among cohort members reduces the power of statistical analyses. However, by analyzing the case-cohort with age-adjusted RR's and survival analyses with inverse probability of sampling weights, we obtain unbiased estimates of incidence proportions. Second, our casecohort is relatively young, while existing GWAS of schizophrenia tend to recruit more chronic patients in middle age 35 . Thus, the PRS we used may be biased toward older patients, reducing the predictive power of the already weak biological instrument. Third, as shown in our simulations, the size of the GxE effect depends upon the predictive accuracy of the G effect.
Because the PRS is a weak instrument of G, the true size of the GxE effect is probably several times larger than our current estimate, as suggested by our simulations. Fourth, we did not examine the impact of migration on locale effects. Since we cannot differentiate GxE from the gene by environment correlation introduced by migration, we restricted our analyses to individuals who have Danish parents and controlled for the duration of stay at the place of birth.
Although by this we intended to reduce the influence of migration, migration itself can be an important contributor for spatially-embedded risk, as many migrants tend to live in clusters, especially in urban areas. The spatial patterns we observe are unlikely due to the confounding effects of selective migration 4 since locale of upbringing was assessed before age 7, at which age no one has yet been diagnosed with schizophrenia. Lack of selective migration is further supported by a more recent study based on the Danish registry showing no evident association between schizophrenia PRS and urbanicity 36 .
Despite these caveats, we demonstrate that locale effects and modulating effects of locale on genetic risk account for a substantial proportion of urbanicity effects in Demark. Living in a locale with a high E component increases the risk for schizophrenia by as much as 122 percent, independent of genetic liability and family history. Meanwhile, living in a locale with a high GxE component can increase risk due to genetic liability for schizophrenia by as much as 78 percent. Because our results demonstrate risk variation with finer resolution and stronger effects than aurban-rural demarcation, there must be specific factors underlying previously observed urban effects. However, identification of factors explicating urban risk has been unsuccessful to date ,4-7 . Given the uncertainty involved, invalid constructs or measurement error could be contributors to low power to detect risk associations with specific environmental factors. Our spatial mapping strategy is an alternative approach, since finding high risk locales does not depend on correct specification of a purported environmental risk factor.
In the 19th century, epidemiology pioneer John Snow mapped high-density regions of cholera cases onto London streets and thus identified the water source as the key infectious medium. By demonstrating that the locale of upbringing significantly contributes to risk and modulates genetic susceptibility to schizophrenia, we hope this is the first step in isolating the source of spatial risk variation, facilitating the design of future public health interventions for severe mental disorders.
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